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Abstract

We have developed a mostly-automatic process to design a reliable bipedal walking con-
troller, and then used this process to replace a hand-tuned controller on the Cornell Ranger
bipedal walking robot. Our goal is to reduce the amount of robot-specific human knowledge
that is required in the controller design process. Rather than eliminating human involvement
entirely, we move it to a more abstract level. We manually manipulated general goals of sev-
eral optimizations, and then used these optimizations to determine the controller gains. Our
design process had two main parts: first, we manually developed a controller architecture
and an optimization framework; second, we used that optimization framework to generate
an optimal set of parameters for the controller. We repeated this process several times,
checking the robot for bad behaviors and unanticipated failure modes. These problems were
addressed by high-level changes to either the optimization objectives or control architecture
(e.g. foot scuffing was solved by including varied ground in the optimization). For Cornell
Ranger, the controller architecture has only a few adjustable parameters (15 offline, 5 on-
line), while still providing a variety of gaits. We used optimization, first in simulation and
then on the real robot, to set these parameters. First, the simulated robot tries to walk with
various disturbances and then receives a score for successful steps and speed regulation. The
optimizer seeks the best-scoring set of control parameters over many simulations. After-
wards, the real robot walks while further optimizing the controller found in simulation. This
learning step made the controller more robust to poorly-modeled aspects of the robot and
environment. This control design process produced a reliable walking controller for Ranger.
A key insight is that no fully-automatic controller design process exists: a human designer
must make decisions at some level. In this paper we abstracted the role of the designer, by
at least one level, to the specification of optimization goals. Higher-level walking principles
generalize to many robots, and likewise we think abstraction of controller design can lead to
methods which translate easily between robots.

Keywords: Automatic Control Design, Robotics, Online Learning, Optimization, Legged
Locomotion

1. INTRODUCTION

Robots are complex, with many poorly-modeled aspects and imperfect sensing of state.
Nonetheless, successful robot designers are more-or-less able to transcend these shortcomings,
in part using a mixture of conscious and unconscious knowledge, and trial and error. Many,
if not most, successful bipedal robots have been hand-tuned, one way or another, by one or
more people who have vast experience with the robot. Most successful robots have come from
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Figure 1: Cornell Ranger walking robot. A photo (a) and diagram (b) of Cornell Ranger: our experi-
mental test platform for the controller design presented in this paper.

labs with lots of institutional knowledge and a “feel” for the way their robots work. Such
hand-tuning of control parameters is generally: 1) too specific to an individual robot, 2) not
easily repeatable, and 3) requires intimate knowledge of the machine (e.g., from its builder).
In contrast, a generalizeable control-design process should not require such hand-tuning by
an expert.

Towards the end of more generalizeable robot control development, we have tried out
some automated techniques for designing a walking controller for Cornell Ranger, a bipedal
walking robot shown in Figure 1. Our general idea is to optimize control parameters in
simulation and then to re-optimize, or fine tune, on the robot hardware. An earlier form of
our method was discussed in [1] and [2].

Related work. Automatic controller design, using learning on hardware, has generally
been for small, statically-stable robots [3], or robots that cannot fall down [4]. In both
of these cases, open-loop control strategies are effective. On the other hand, Ranger falls
easily, and, as far as we know, any reasonably-stable controller must have feedback. Another
approach to online policy learning is to develop controllers for robots that are complicated,
but that are not damaged by controller failure, such as those studied by [5]. These methods
cannot be used for Ranger, since it can easily be damaged by a badly performing controller.

Our approach is to use offline optimization to design a controller that is generally safe
and can avoid most falls, and to do online learning within the safe confines of that controller.
This is philosophically similar to the idea of barrier functions promoted by Smit-Anseeeuw
[6].

Given unlimited resources and time, it would be most safe to optimize a controller using
only experiments on hardware. This would, for example, preclude the problems of trans-
ferring controllers from simulation to reality. This is impractical — physical trials are time
consuming and can damage an expensive machine.

Here we present a compromise solution: we start by choosing a control architecture and
then use offline optimization to pick the best control parameters in simulation. This allows
us to test a wide variety of controllers and situations without damage to the robot. Then we
transfer the best controller from simulation to the real robot, and use online optimization to
fine-tune the controller and compensate for small differences between the simulator and the
real robot.
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Because walking robots have many parts moving in complicated ways, controllers for most
walking robots rely on hierarchical control architectures [7, 8, 9, 10, 11, 12, 13, 14, 15, 16].
Hierarchical design simplifies the design process by adding to the interpretability of the
control parameters and simplifying the coupling between control parameters.

The control architecture that we use here, to which our optimization and learning are ap-
plied, incorporates ideas from the previous controller for the Cornell Ranger [14], SimBiCon
[7], and hybrid zero dynamics[12]. It can be divided into four hierarchical levels:

1. The balance controller regulates large-scale balance and speed regulation decisions,
such as step length and push-off magnitudes.

2. The gait controller is based on a finite-state-machine and generates a set of reference
trajectories to achieve the goals specified by the balance controller.

3. The joint controller runs on each joint individually and are proportional-derivative
controllers with a feed-forward term for trajectory tracking.

4. The motor controller is a low-level controller that commands appropriate pulse-width-
modulation voltage to manage motor currents.

Despite our general abstract goal of automatic controller design, we accept that it is
impractical to automatically design every feature for a walking controller — the search
space over all conceivable controllers (all maps from sensors to actions) is simply too large
for modern simulation techniques, and even that much more so, too time consuming and
expensive for online learning.

Instead, we chose a control architecture based on our own experience, discussions with
experts, and the literature. The gains in the low-level joint controllers are experimentally
determined, using standard tracking controller tuning methods [17]. That leaves the pa-
rameters of the balance controller, 15 numbers in our implementation, to be automatically
selected using optimization. Changing these numbers has drastic effects on the robot’s behav-
ior — whether it walks or falls, the speed and symmetry of steps, foot clearance, foot-ground
impact, and more. Hence we believe (and will try to demonstrate) that these parameters
contain enough richness for optimizing a robust controller for Ranger.

In the rest of this paper we present our walking controller for Ranger, as well as the entire
design process for getting that controller working on the robot hardware. We discuss many of
the intermediate steps in the design process, rather than simply jumping to the final control
solution. Although our goal is automatic design, we highlight the various non-automatic
design choices that were needed.

Our final result is a controller for Ranger that was designed largely using optimization,
first in simulation and then with automatic learning on the physical robot. The new controller
is much easier to launch (start walking) than the previous (hand-tuned by an expert person)
controller, and it is better at rejecting some kinds of disturbances.

2. LOCOMOTION CONTROL

Most controllers for walking robots are hierarchical. Often, the top-level controller is
based on a simple model, which makes it easier to perform large optimization and planning
calculations. We’ll discuss three of the more common simple models based on point-mass
bodies: the linear inverted pendulum (LIP), the spring-loaded inverted pendulum (SLIP),
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and the inverted pendulum (IP). Afterwards, we will briefly discuss a few control techniques:
zero-moment point (ZMP), capture point, hybrid zero-dynamics (HZD), SimBiCon, and a
previous Ranger controller. A good overview of the fundamentals of walking control is
presented in [18], and an overview of some of the more formal techniques is given in [19].

2.1. Linear Inverted Pendulum (LIP) Model of Walking

In the linear inverted pendulum (LIP) model, the body is a point mass constrained to
move at a constant-height above the ground. There is a force between the foot and hip
with a constant vertical component, maintaining that height constraint. Thus the stance leg
has a compression force proportional to leg length. With force proportional to length, but
compressive, it is a negative-constant (repulsive force increases with length) zero-rest-length
compressive spring, with initial conditions at a height where the spring force matches the
weight. The governing equations for the hip motion are linear, even for large angles, hence
the model name. In 2D, the two control parameters are the time and position of the foot
placement, which is the next stance leg’s foot position.

The LIP model is widely used in bipedal locomotion control algorithms, especially in
zero-moment point controllers (§2.4) and capture point controllers (§2.5). The linear LIP
equations are mathematically tractable and fast in the context of online trajectory optimiza-
tions (e.g., for model-predictive control). Robots with controllers based on LIP models walk
with a crouch-gait, which allows them to track a fixed hip-height. Additionally, controllers
using the LIP model of walking tend to have large feet, with ankle torques giving them
additional control authority over the motion of their center of mass.

2.2. Spring-Loaded Inverted Pendulum (SLIP) Model of Walking

The Spring-Loaded Inverted-Pendulum (SLIP) model uses a point mass body at the
hip and treats each leg as a compressive spring, with the compressive force increasing with
decreasing leg length. The SLIP model is used for both walking and running. There are
a variety of elaborations to the model, including a motor that can reset leg-length during
flight and a parallel damper to dissapate energy.

The balance controller primarily works by setting the leg angle, in a spatial frame, before
heel-strike. Then, if used in the context of a robot, a low-level controller computes the joint
torques to achieve the desired effective spring constant in the legend the swing leg positions.
In 2D the two control parameters are rest-length of the stance-leg spring and the angle of
the swing leg just before heel strike.

Although the SLIP model can be used for both running and walking gaits, on physical
robots it is primarily used for controlling running. The robot ATRIAS [20], was designed to
be well-modeled by, and has been controlled using, the SLIP model [21].

2.3. Inverted Pendulum (IP) Model of Walking

The Inverted Pendulum (IP) model also treats the robot as a point-mass, in this case
with a constant length (in-extensible) “leg”. In 2D the hip follows circular arcs rather than
fixed-height lines (as in LIP). IP models are used to describe straight-legged walking and
never for running. Given reasonable assumptions, the IP model is the most energetically-
effective of the point-mass models for walking, and perhaps most similar to how people walk
[22]. However, the non-linear equations, the kinematic singularity when the knee locks, and
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the harder impacts (more impulsive) when the locked leg swings forward and hits the ground
make the IP model less popular. For small angles the stance governing equations match those
of the LIP model, but the control parameters are different. A thorough comparison of the
LIP and IP models can be found in [23]. In 2D the IP model has two control parameters:
foot placement and push-off impulse.

2.4. Zero Moment Point Control

Many of the first bipedal robots walked using Zero-Moment Point (ZMP) controllers [13]
[24], and the core principles are still used today [25, 15, 26]. Originally ZMP controllers
viewed walking as a perturbation of standing. Robots with ZMP controllers tended to have
statically stable gaits and rely on large feet and ankle torques for control.

The zero-moment point is the point on the ground where the sum of all moments due
to the contact forces on the foot is zero. Although it is not strictly necessary, most ZMP
controllers also assume that the robot is well-modeled by the linear inverted pendulum (LIP)
model §2.1. At the high-level, a ZMP controller will construct a desired trajectory for the
ZMP to follow, which corresponds to a desirable motion for the robot. The low-level joint
controllers then compute the joint torques, especially the ankle torques, to track the ZMP.

Robots that walk using ZMP controllers tend to have large feet, so that they can use ankle
torques to move the ZMP. With good foot placement, these ankle torques can be minimized
[27]. These robots walk with bent knees at all times, to prevent the control singularity
associated with a fully extended leg: small changes in knee angle have no effect on the
linearized kinematics. The simple form of ZMP breaks down when the target ZMP leaves
the support polygon of the feet, thus preventing dynamic gaits. As such, ZMP controllers
cannot work on robots that have small or curved feet.

More recently, classical ZMP control has been expanded into Resolved Momentum Control
[28, 29, 30]. It has been demonstrated in simulation [29], on the HRP-2 [28], and on the
MIT Atlas humanoid robots [30, 31].

2.5. Capture Point Control

The capture point walking control algorithm, developed by [10], seeks to improve upon
ZMP controllers by allowing dynamic walking gaits. This control strategy is also known as
divergent component of motion control, and it is used on a variety of robots [9, 32].

The capture point is the place a robot needs to step to come to a stop standing upright
above that point. Given the LIP model of walking (§2.1), there is a single capture point for
each state [10]. In many cases, it is not possible to place the swing foot at the capture point.
A simple extension is to compute the sequence of support points such that the robot comes
to a stop above the N th point.

The controller always knows a sequence of foot placement locations which will bring the
robot to a complete stop. Walking is achieved by continually looking ahead N steps in the
controller, and placing the feet in the correct places [11, 33]. At any instant during walking,
the robot can control the instantaneous center of pressure within the support polygon to
adjust the center of mass trajectory to achieve the desired foot placements.
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2.6. Hybrid Zero Dynamics Control

Hybrid zero dynamics (HZD) controllers [12, 34, 35] do not explicitly make decisions based
on one of the simple models mentioned. Rather, a HZD controller uses virtual constraints,
which are enforced by motors, to make the robot behave like a system with a single degree of
freedom (1-DoF). The structure of those constraints are chosen such that the hybrid system
associated with that 1-DoF system satisfies some desired motion plan.

The key idea is that the control laws are parameterized by the single remaining degree of
freedom, rather than time like a traditional feed-back control law. This one DoF is typically
related to the position of the center of mass. Although the original implementation of HZD
used high-bandwidth feedback control, some more recent implementations have relaxed the
control a bit to achieve stable walking with a bit more compliance [36]. HZD controllers
have been used effectively on modern robots [37] and in simulations [38].

2.7. SimBiCon

The Simple Biped Controller, SimBiCon [7], was developed for generating realistic mo-
tions for bipedal walking in computer animations. It is based on two key ideas. First, is that
walking can be described using a simple global finite state machine, with four states, visited
in series over two successive walking steps. The second idea is that the walking gait can
be entirely synthesized by computing control laws that mimic virtual spring-mass-dampers
connecting important points on the character to points in space.

More recently, SimBiCon has been generalized by [39], and also used in a variety of
simulation-based studies including [40, 8].

3. CORNELL RANGER

Our test robot is the Cornell Ranger, which is described in detail in [14, 41]. We will
only give a brief description here.

Ranger, shown in Figure 1, is at the bottom of the bipedal robot food chain. It was
designed for low-energy walking over flat terrain, and nothing else. It has four legs that are
arranged into an inner and outer pair (almost like a person on crutches). This arrangement
means that the walking control only needs to stabilize front-to-back motions: lateral motions
are passively stabilized. The feet are small and curved, which renders the robot under-
actuated by one degree of freedom.

3.1. Previous Ranger Controller

The previous controller for the Cornell Ranger [14, 41] was designed for low-energy walk-
ing over flat ground. Like SimBiCon, it is based on finite state machines, but there is a
key difference: on Ranger, each joint controller is running its own local finite state machine.
The overall walking motion is coordinated by the shared global state of the robot, including
events such as heel strike (the instant when the swing-foot collides with the ground on each
step).

Inside of each state of the finite state machines (FSM), the controllers are running com-
pliant control, loosely tracking trajectories computed by offline trajectory optimization. The
stabilization in this controller comes from two features. The first is a global feed-back, once
per step, that adjusts some of the low-level trajectory set-points. In particular, if the robot
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is moving too fast, the robot takes a bigger step (thus dissipating energy). If the robot is
moving too slowly, then it pushes off harder with the trailing feet, thus adding more energy
to the gait. The second feedback mechanism is the event-triggered transitions between states
in the FSM, switching controllers when the feet strike the ground.

3.2. Hardware

Ranger has a some unusual characteristics. First is the lack of knees, which forces all
changes in effective leg length to come from rotations of the feet. The feet on Ranger are
curved with small radius, which means that Ranger cannot statically balance with its feet
together. Additionally, the circular curve of ranger’s feet is truncated close to the heel. This
truncated shape allows for the feet to rapidly clear the ground during swing, but also further
limits the effective foot size and the associated range over which the center of pressure can
be moved along the feet.

Ranger uses a variety of sensors for pose estimation: an inertial measurement unit (IMU),
rotary encoders at the joints, and contact sensors on each foot. Each joint has two encoders,
one at motor output and one at the end effector, which allow us to sense deflection in the
cable drive transmission. The IMU combines a rate-gyro and an accelerometer to produce
accurate estimates for the absolute orientation of the robot. Finally, the contact sensors are
optical strain gauges inside the foot structure, which we threshold to create a binary contact
signal.

3.3. Model

Here, our physics model for the Cornell Ranger is largely based on our previous work
[42, 14, 41]. We assume that the robot is a planar biped, with four rigid bodies (outer legs,
inner legs, outer feet, inner feet) that are connected by three motors (hip, inner ankles, and
outer ankles). We also use a bench-tested electro-mechanical model of the motors and gear
boxes (see Appendix B.1).

There are two notable differences between the model used here and our previous model
of Ranger. The first is that here, for simplicity and better converged numerics, we assume
that the drive cables connecting the ankle motors to the feet are rigid, where as the previous
work [14] treated them as stiff springs. Second, we model the shape of the foot as a quintic
spline (periodic, with 6 segments), as illustrated in Figure 2, rather than as a complete circle.
This change in foot shape allows for a simulation that can accurately capture foot clearance,
scuffing, and rolling over arbitrary ground profiles.

3.4. Simulation

The previous simulator for Ranger, described in [14], was designed to study open-loop
trajectories with a prescribed sequence of contact configurations. For the research presented
in this paper, we need to study the closed-loop behavior of the robot for a variety of con-
trollers, some of which will cause the robot to stumble and fall down — a behavior that was
not able to be captured by previous simulations.

To capture more complex contact sequences, we developed a “time-stepping” simulator
for Ranger, which runs a contact-solver on each time-step. This simulation allows us to model
the robot walking over any ground profile, using accurate collision shapes for the robot’s feet.
The simulation is implemented in Matlab, and then compiled to MEX for speed. Appendix
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Figure 2: Ranger Foot Diagram. Ranger’s feet are small, and the soles are sections of circular arcs. Here
we show the three target configurations used by the controller. Flip-up is used for the swing foot, allowing
the foot to clear the ground, since the robot has no knees. The flip-down/stance configuration is used by
the stance foot for most of the step, providing a steady base for the robot. The push-off is used to rapidly
extend the foot, propelling the robot forward for the next step.

§Appendix D discusses the simulation in detail. The source code for the simulator is available
at: https://github.com/MatthewPeterKelly/RangerSimulation

3.5. Control Considerations

During the course of a walking step, the motors of the robot must add energy to the
system to compensate for frictional and collisional losses. Due to the small curved feet,
Ranger cannot inject much energy by ankle torques through the step, except by push-off
with the back foot at the end of each step. This extension is small (a few centimeters), but
enough to propel the robot forward and to adjust walking speed. To get the maximum effect
of this push-off it must be timed carefully to occur just before the collision on the front foot.

Ranger does not have knees, and thus as soon as the push-off is complete, the foot needs
to rotate (flip) up and out of the way so that it doesn’t scuff as the swing leg moves forward.
Then the foot needs to rotate (flip) back down just before heel-strike. Too early and the foot
scuffs; too late and the foot strikes down on the back of the heel causing a trip. In each of
these cases, the robot falls. Figure 2 shows the shape of the foot, as well as orientation for
flip-up, flip-down, and push-off.

4. CONTROLLER ARCHITECTURE

The control architecture used for Ranger here is divided into four levels. Each level
receives inputs from the one above it. Starting with low-level motor control and working up
to balance regulation:

• The Motor Controllers output low-level PWM commands to achieve a desired current
(interpretted as a nominal torque) in each motor.

• The Joint Controllers are trajectory-tracking controllers that compute the command
torque for each joint.

• The Gait Controller is a finite-state machine that sets the reference trajectories that
are used in the joint controllers.
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• The Balance Controller sets the parameters of the gait controller to regulate balance
and walking speed. It runs once per step at midstance.

We assume that both the robot and controller are symmetric for inside and outside legs.
Here we will describe the controller for the case when the outer feet are on the ground and
the inner legs are swinging. At the conclusion of the step, the whole controller is mirrored
and the inner legs become the new stance legs.

4.1. Motor Control

The motor controllers are the bottom level of the control architecture. They run a simple
proportional-integral control loop at 2 kHz on each of the three joint motors (outer ankle,
inner ankle, and hip), tracking a desired joint torque. These motor controllers are coded at
a low-level in the robot, and have not been changed since the robot was first built [14].

4.2. Joint Control

While the robot is walking, the joint controllers (outer ankle, inner ankle, and hip)
are continuously running simple proportional-derivative (PD) controllers at 500 Hz. These
controllers compute a command torque u, which is sent to the motor controllers. The
reference angle q∗, rate q̇∗, and torque u∗ are all sent from the gait controller. The measured
joint angle and rate are given by q and q̇.

u = u∗ +KP

(
q∗ − q

)
+KD

(
q̇∗ − q̇

)
(1)

These PD controllers are tracking the joint trajectories commanded by the gait controller
(the next layer above). These trajectories (q∗, q̇∗, u∗) are sometimes state-varying and
sometimes constant. They achieve the six behaviors described below.

Hip Scissor Track: The hip joint performs scissor-tracking to swing the trailing leg
frontwards. In this mode, the references for the hip joint are selected such that the absolute
angle of the swing leg tracks an affine (linear + constant) function of the absolute angle
of the stance leg. In a sense, the controller makes the swing leg act like it is coupled to
the stance leg by an adjustable gearbox. This is an implementation of a virtual holonomic
constraint and is thus in the spirit of Hybrid Zero Dynamics.

Hip Finish Step: At the end of each step, the swing foot should descend directly towards
the ground to achieve the desired step length and avoid a glancing collision. To do this, we
compute the references for the hip joint such that the ankle joint will follow a vertical
trajectory, in absolute coordinates, towards the desired step location.

Ankle Stance Hold: During the majority of the step, the stance foot is supporting the
weight of the robot by maintaining a constant absolute orientation, while still allowing the
legs to freely pivot about the ankle joint. The target orientation is selected such that when
both legs are vertical no ankle torques are required to support the robot.

Ankle Stance Push: At the end of each step, the stance feet push downward to propel
the robot on to the next step. The stance foot tracks a target absolute angle, chosen by the
balance controller, to cause this ‘push-off’.

Ankle Swing Flip: Since the robot has no knees, the swing foot needs to be flipped up to
keep it from scuffing on the ground during walking. The ankle controller tracks a constant
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Parameters:
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= time spent in current state
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= inner feet are in contact with the ground

= critical step length
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Initial State:  Flight
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Figure 3: Gait Controller. The gait controller for Ranger is a finite state machine with the seven states
shown above. The transitions are based on the the contact sensors for the feet, the distance between the
swing and stance ankle joints, and a timer. The Glide and Push states are mirrored precisely between the
inner and outer feet. The Flight mode typically is triggered by the user picking up the robot, and allows for
the robot to be easily reset between walking bouts.

relative angle near the joint limit that creates as much clearance as possible between the
heel and the ground.

Safe Mode: Whenever the robot detects that a fall is imminent, it enters safe mode.
The robot records the orientation of all joints and sets a weak compliant control about this
joint orientation. This prevents the robot from doing something unexpected when it falls,
thus making it easier for the user to catch (and reset) the robot. It also reduces the risk of
the robot damaging itself or hurting the user.

4.3. Gait Control

The gait controller decides when the robot should transition between control behaviors,
such as leg-swing and foot-flip. It chooses the joint controller behaviors (§4.2) and adjusts
some of the gains and reference points. The gait controller is a finite-state-machine (FSM)
running at 500 Hz, shown in Figure 3.

Flight Mode: Whenever the robot turns on or is picked up (both feet leave the ground),
it enters flight mode. The purpose of this mode is to put the robot in a relatively passive
state from which it can easily start walking. The hip motors are turned off, the inner feet
are flipped up, and the outer feet are in stance hold, prepared to support the weight of the
robot when it is placed on the ground.

Glide Outer: In this mode, the outer feet are in stance hold, the inner feet are flipped-up,
and the hip is performing scissor tracking, maintaining a desired absolute orientation of the
inner legs as a function of the outer leg angle.

Push Outer: The outer feet are in push mode, tracking an absolute reference angle that
pushes the outer toes into the ground, propelling the robot forward. The inner feet are in
stance mode, preparing to support the weight of the robot when they hit the ground. The
hip is computing targets such that the inner feet hit the correct place on the ground.

Glide Inner and Push Inner: Same as the Glide and Push Outer, but with the inside and
outside legs’ roles reversed. The controller is also mirrored.
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Transitions: Transitions between different phases of the gait cycle (i.e. the finite state
machine) are based on contact sensors, state estimates, and timers. If the robot is picked up
in the air, then both contact sensors register false, and the robot enters flight mode. During
normal walking, the contact sensors determine when the swing foot hits the ground. The
trailing foot begins to terminate push-off (Push 2 mode). It continues to push for a short
time (determined by the balance controller) after heel-strike before switching to leg swing
(Glide) Finally, when the new swing foot reaches the desired step length, the next push-off
phase is triggered (Push 1).

Parameters: There are a total of five free parameters in the gait controller: 1) target step
length, 2) time-out for Push-2 mode, 3) reference angle for push-off, 4) and 5) constant and
linear coefficients for hip scissor tracking.

4.4. Balance Control

Balance control is the top level of the control architecture. It runs once per step at
mid-stance and updates the five parameters of the gait controller to regulate balance and
walking speed. For example, if the robot is walking too slowly, it will increase the reference
angle for the push off, adding more energy to the system.

There is a single input the the balance controller: the robot’s speed at mid-stance. The
balance controller is simply a function that maps the mid-stance speed to a set of five
parameters that are passed to the gait controller. Here, we implement this function using
a look-up table, storing the five parameter values for zero speed, the target speed, and the
maximum speed. We use linear interpolation to compute the set of five parameters that are
used for intermediate speeds.

The look-up table for the balance controller has a total of 5 parameters (list them) for
each of 3 speeds (5×3 = 15 control parameters in total), which we compute using both offline
and online optimization, using methods discussed in §5, §6, and §7.

5. CONTROLLER DESIGN

Our goal with this project is to design a controller using optimization wherever possible.
Nonetheless, there are various decisions that still must be made by a human designer. Here,
we divide the control design process into three parts: aspects designed by human intuition;
aspects designed by simple repeatable experiments; and aspects based on optimization (both
in simulations and with physical robot trials).

The first major human-made decision is the controller architecture, which must be com-
plex enough to represent a wide range of behaviors, while being simple enough to optimize
with the available resources. Once the architecture is set, we use simple experiments to set
the low-level controller gains and intuitive parameters, and use computer optimization to
set the remaining gains throughout the high-level controllers. The computer optimization
is divided into two stages, first using optimization in simulation to get a good controller
candidate, and then tuning-up the controller using optimization on the physical robot.

5.1. Designing the Controller Architecture

The controller architecture that we present in Section §4 has changed several times over
the course of this research, and still could be further improved, as discussed in in the section
on future work (§9).
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The first version of the presently discussed control architecture [1] was iteratively devel-
oped in simulation. It was based on ideas from three existing walking control architectures:
SimBiCon [8], Hybrid Zero Dynamics [12], and Ranger’s marathon controller [14]. The con-
troller had a single simple finite state machine was borrowed from the SimBiCon controller.
The swing-leg (hip joint) controller was inspired by the phase-variable tracking controllers in
hybrid zero dynamics. Finally, many of the transition conditions, as well as the structure for
Ranger-specific features (like push-off and foot-flip), were borrowed from Ranger’s marathon
controller.

After this initial version of the controller worked in simulation, we transferred it to the
robot for further refinement. Since then, we made two changes to the controller architecture:
the first is that the push-off transition is now triggered by the distance between the swing
and stance ankles rather than just the angle of the stance leg, and the second is that push-
off is allowed to continue after heel-strike rather than terminating at heel-strike. We made
these changes after observing consistently bad behavior on the physical robot, namely foot
scuffing and falling over backwards. Why these changes? The timing of push-off (and flip-
down) is critical to making Ranger walk well. If the push-off occurs too early, then it picks
the robot up, and the too-early flip-down can cause the swing foot to scuff the ground;
if it occurs too late, then the robot won’t have enough energy to complete the following
step. In our experiments we observed that a common failure mode was caused by the swing
foot striking the ground before the controller intended. We tracked this issue back to the
transition condition for the heel-strike mode: the stance leg angle. We updated the transition
condition to be based on the swing foot location, which includes both the swing and stance
leg angles. The resulting controllers were significantly more robust to disturbances.

5.2. Simple Controller Parameters

Some parameters in the walking controller were designed through simple experiments,
rather than as part of the optimization. These include joint-limits, thresholds for contact
sensors, and tracking controller gains.

Foot-flip Target: During each step, the swing foot of the robot must ‘flip-up’ to avoid
scuffing. The precise angle does not matter, so long as the foot clears the ground. In this
case we make the target angle about 10◦ from the hard stop, providing adequate ground
clearance while avoiding collisions with the hard stop due to controller overshoot.

Contact Sensor Threshold: The contact threshold was found experimentally since the
sensors rely on complicated un-modeled features in the feet. Both feet were locked in stance
configuration and the robot was rocked back-and-forth, while recording the raw contact
sensor readings. We selected a combination of Butterworth filter time-constant and threshold
such that the resulting contact state was reliably triggered every time the foot hit the ground,
without sending false collision events.

Joint Rate Filters: There is a Butterworth filter running on each angle-rate sensor, with
experimentally-determined cut-off frequency.

Joint Tracking Gains: At a low-level, each joint is running a PD controller. The
hip controller always uses the same gains, while the ankle controller uses different gains,
depending on whether the foot is in contact with the ground or not. These gains were all set
using simple one-dimensional experiments and basic control theory [17]. In each case, the
joint was given a reference signal to track while the robot was in a configuration that was
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typical for that type of motion: the hip joint was tested while tracking a swing-leg trajectory
in single-stance, the stance ankle controller was tested while supporting the weight of the
robot, and the swing ankle controller was tested while in the air. These gains were determined
once and not changed later in the control design process.

5.3. Optimized Controller Parameters

The remaining controller parameters were computed using optimization, as discussed in
sections §6 and §7.

6. Offline Optimization

The offline optimization picks 15 control parameters to best stabilize the walking gait.
These are high-level parameters for which we don’t know any simple 1D controller-design
methods. These are conceptually just 5 parameters, each with gain scheduling depending
on the speed of the previous step. That is, each of the 5 gains is defined by a interpolating
between gain values at 3 values of initial speed: 0, vT , and 1 m/s. The best set of 15
(15 = 5 × 3) parameters is that which works best in a suite of 9 tests involving 180 steps,
as described in the following section. Further details about the model and simulator are in
Appendix §Appendix C and §Appendix D respectively.

6.1. Objective Function J in Offline Optimization

Our primary objective in the optimization is to avoid falling, while speed regulation is
kept as a secondary objective. This is accomplished by applying a large penalty for falling,
and a relatively smaller penalty for speed regulation errors. The objective function J to
be minimized is a sum of N = 180 scores εi, each of which corresponds to one of the 180
attempted walking steps. These steps are accumulated over 9 independent simulations, each
of which contains 20 steps and is designed to subject the robot to a specific disturbance.
The average speed over each step is given by vi and the target speed is vT .

J =
1

N

N∑
i=1

εi (2)

εi =

(
vi − vT
vT

)2

(3)

For example, a 100% error in speed tracking gives a badness of εi = 1. If the robot falls
in a given step, that step and all remaining in that set of 20 are given a score of 1. The 9
conditions include level-ground walking and 4 disturbance conditions with slopes and four
disturbance conditions with pushes. The slopes are uphill and downhill at two values. The
pushes are forwards and backwards at two phases of the gait cycle. The magnitudes of
the disturbances were those found to be within the capability of the robot. The types of
disturbances were chosen to represent the disturbances facing the real robot. The simulations
in the objective function are broken into three groups: no disturbance, sloping ground, and
push disturbances. To save simulation time, we only allow the robot to attempt a group of
simulations if it is able to successfully complete all simulations from the previous group. Any
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Figure 4: Ranger Configurations. The launch configuration (left) shows the static configuration that we
use to start Ranger walking, both in simulation and in reality. The middle configuration shows the robot
immediately before heel-strike. The mid-stance configuration (right) is when the supporting leg is vertical.
This is the configuration that triggers an update from the balance controller.

steps that are not completed, either due to a fall or skipped simulation, are given a walking
speed of zero. Thus, the maximum possible score for the objective function is J = 1.0, since
it is (practically) impossible for the robot to walk at greater than twice the target speed.

In all of the simulations the robot has no advance knowledge about the disturbance, nor
does it make any direct attempt to sense the disturbance. In other words, the feedback is
based on robot dynamical state with no estimated state variables for slopes or disturbances.

The ground-slope disturbance is particularly challenging because Ranger has relatively
weak motors and because of the timing required to flip the feet out of the way during leg-
swing. The ground-slope disturbance is also a good test in that it models situations that
the physical robot will face: real floors are not all that flat. Additionally, slopes also require
more foot clearance than level ground, and thus serve as a proxy for slight surface roughness.
Succeeding at uphill slopes helps prevent scuffing on rough ground.

The push-disturbance is picked as a representative a catch-all for general modeling, sens-
ing, or actuation errors. In this case, we model the push by applying a constant horizontal
force to the hip of the robot, for a selected duration. The two push timings were chosen at
at different points in the gait cycle.

In each of the 9 simulations, the robot starts from its ‘launch’ configuration (Figure 4)
— it is at rest on the outer legs, with a slight tip forward. This is the same configuration in
which the real robot is launched.

By using fixed, rather than random, disturbances our optimization is, in principle, more
susceptible to ‘over-fitting’ or ‘teaching to the test’. That is, one might fear that our opti-
mization could learn to ‘exploit’ the detailed features of our tests. However, our controller
architecture is simple enough that the tests presented in the simulation are sufficiently broad
to avoid these issues.

6.2. Offline Optimization Method: CMA-ES

The choice of optimization method is not central to our design philosophy. We used
the Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES) [43, 44] optimization
method to perform the offline optimization experiments. We selected CMA-ES because it
deals well with our non-smooth objective function. Part of the CMA-ES algorithm initial-
ization includes bounds on the parameters, which we estimate manually. For example, the
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push-off target angle must be within the actuator limits, and the hip trajectory coefficients
should be roughly consistent with bipedal walking (the swing leg must travel from back to
front, etc.).

As a base-line for comparison we ran also ran a few of the optimizations using Particle
Swarm Optimization (PSO). It produced similar results to CMA-ES, although PSO took
a bit longer to run. PSO is a simpler method that CMA-ES, and it is used by out online
optimization routines.

6.3. Offline Optimization: Experimental Results

We used CMA-ES (§6.2) to optimize the controller parameters on the simulation of
Ranger. Although our objective function is deterministic, CMA-ES uses random sampling
in its search algorithm. To check convergence, we ran the optimization twice to check for
a repeatable result. The optimization structure is similar to that from our pilot study [1],
but with improved disturbance tests. We increased the number of simulations walking on
sloping ground (to avoid foot scuffing), and increased the length of all simulations (to improve
steady-state walking). The specific set of tests is summarized in Table 1.

Simulation # Simulation condition # of steps
1 Flat ground 20

2, 3 Slope ±0.86◦ 2× 20
4, 5 Slope ±1.15◦ 2× 20
6, 7 Push ±4N for 0.5s @ 2.6s into walking 2× 20
8, 9 Push ±4N for 0.5s @ 2.8s into walking 2× 20

Total 180 steps

Table 1: Simulations in each objective function evaluation. Each set of control parameters is tested
in the nine simulations above and scored. If it fails to complete one row of simulations, it skips the remaining
tests (and gets a poor score for those).

We ran the optimization on a 3.40GHz Intel Quad-Core i5-3570K processor. Each of the
two optimizations took about 12 hours. Both runs found a large number of solutions that
did not fall down, as shown in Figure 5. As each optimization progresses, we observe that
controllers continue to improve, and the change in the objective function levels out. Both
optimizations find nearly the same solution, with similar objective function values.

Figure 6 shows the performance of the best control parameters found in each of the opti-
mizations. The plots show how the velocity stabilizes over the course of 20 simulated steps
for each disturbance type in Table 1. The trials with level-ground walking asymptotically
approach the target walking speed of 0.55m/s, and the uphill and downhill trials result in a
steady-state speed error. The change in speed caused by the forward and backward pushes
is rejected in about four steps. Both plots are qualatatively similar, suggesting that the
controllers found by both optimizations are similar.

7. ONLINE OPTIMIZATION

We use the final result of the offline optimization to provide an initial controller to put on
Ranger. We then use online optimization to improve the parameters of that controller while
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Figure 5: Offline Optimization Objective Function. This figure shows the progress of the objective
function values over the course of the offline optimization (population of 80 for 40 generations). We performed
two executions of the same optimization (left and right plots) to confirm repeatable results from our stochastic
optimizer, CMA-ES. The banding structure in both plots is a result of the objective function: when the robot
falls down, it gets penalized for all incomplete steps. Since it usually falls during the first few steps of the
trial, the result is a jump in the objective function. The red circle on the lower right of each plot shows the
best controller.
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Figure 6: Offline Optimization Simulations. This plot shows the nine simulations (walking speed vs.
step number) that are computed during each evaluation of the objective function in the offline optimization,
shown here for the best controller found during each optimization run. In all cases the controller is attempting
to reach a target speed of 0.55 m/s. The controller has a steady state error in speed for the two up-hill
walking trials and the two down-hill walking trials. The controllers are able to recover from the two forward
pushes and the two backward pushes in about four steps.

Ranger is walking. By ‘online,’ we mean that all controller evaluation and computation is
happening on the robot as it walks.
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7.1. Objective Function for Online Optimization

The objective function of the online optimization has a simple goal: walk at a target speed
without falling down. This objective function is similar to that used in the offline simulation,
but with one key difference: the online optimization only evaluates the controller on a single
walking bout, rather than running many separate simulations. The key idea here is that
there is no need to inject disturbances into the real-world experiments, since there will be
disturbances just from walking on the (slightly uneven) stone-tiled floor. Each time that
Ranger completes a step (mid-stance to mid-stance without falling), that step receives a
score (Equation 3). At the end of a walking bout, the scores are summed (Equation 2).

Another difference between the offline and online optimization is that the online opti-
mization trials begin from steady-state walking. To do this, each trial begins with 5 transient
steps that are ignored by the optimization, followed by the main trial of 12 steps. If all is
going well, then the optimization will automatically load and test controllers back-to-back.
Otherwise, the operator can start a trial from the launch configuration. In both cases, the
controller will be at steady-state walking by the end of the transient period. Just like in
the offline optimization, any steps that are not completed due to falls are given a speed of
vi = 0, thus creating a large penalty for falling.

7.2. Online Optimization Method: PSO

For the online optimization of the controller, we use particle swarm optimization (PSO)
[45, 46, 47]. PSO is a heuristic non-linear optimization algorithm, based on simple models of
the foraging behavior of bird flocks. Our primary reason for selecting PSO is that the update
equations are simple, making it easy to implement on the small processor (NXP 208 MHz
ARM9 [41]) that is running Ranger. It also has the advantage that any new information
for the objective is used immediately to guide the search, rather than waiting for a batch
update once per generation.

PSO searches a space (in our case, the space of control parameters) using a population
(swarm) of particles, which move around according to a set of stochastic update equations.
Like all heuristic optimization algorithms, there is a trade-off between exploration (finding
new local minima) and exploitation (converging towards existing local minima). Here we
choose parameters to favor exploitation, since we assume that the offline optimization has
already gotten us close to a good solution, and we can only run a limited number of trials
on the real robot. We ‘warm-start’ the algorithm by specifying the position of the first
particle. This lets us start the online optimization using the best controller found in the
offline optimization.

7.3. Dimension Reduction

The offline optimization had a 15-dimensional search space, computing each of the 5
parameters for each of the 3 speeds in the table for interpolation (§6). This search space
is simply too large for a reasonable search using online optimization. To reduce the search
space, we optimize only the 5 parameters that are associated with the target walking speed,
given below.

• Scissor Offset is the constant term in the swing-leg scissor trajectory.

• Scissor Gain is the linear term in the swing-leg scissor trajectory.
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Figure 7: Walking Experiment Finite State Machine. This is the finite state machine that runs the
online walking experiments. Each trial starts by giving the robot a few steps to reach steady state before
it starts logging data. If the robot is walking well at the end of the trial then it will automatically send
the objective function value to the optimization and start a new trial. If something goes wrong, then the
robot will wait for input from the user. The user can then accept the trial (send objective function value to
optimization), or reject the trial (re-run the trial). This is important because we are testing in busy atrium,
where the trials are interrupted whenever the robot reaches a wall or a pedestrian.

• Ankle Push is a normalized push-off magnitude, with larger values corresponding to
larger push-off.

• Critical Step Length is the critical distance between the ankle joints of the robot, which
triggers the transition into push-off mode.

• Double Stance Delay is the duration of time that the robot continues push-off after the
swing foot strikes the ground.

In the offline optimization we compute these five parameters at each of three walking speeds
(zero, target = 0.55 m/s, and max = 1.0 m/s). For the online optimization we only optimize
these five parameters at the target walking speed, using the parameters for zero and max
speed as they came out of the offline optimization. This is done to reduce the size of the
search space for the online optimization, with the target speed parameters selected because
they have the greatest influence over steady-state walking behavior.

7.4. Logistics for Walking Experiments

Our testing space for walking Ranger is a large open atrium, which has two logistical
problems: 1) There are people walking around, and 2) the atrium has walls. Some of the
walking experiments get interrupted when a person walks in front of the robot or the robot
reaches a wall. In these situations, the experimenter can pick up Ranger, causing it to go
into flight-mode. In flight-mode, the robot disables the hip motor, and orients the feet in
preparation for starting a new walking trial.

Whenever a walking trial is interrupted, either be entering flight-mode (robot picked up)
or safe-mode (robot detected a fall), the optimization waits for a button press from the user
to either accept the previous data (e.g. the controller caused the robot to fall), or re-run
the trial (e.g. the robot reached a wall). This is critical, because it allows the optimization
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to distinguish between 1) falls caused by a bad controller and 2) interruptions from the
environment.

At the conclusion of a walking trial there are two possible outcomes. If the robot was
walking well (as determined by speed and step length), then the optimization program
automatically loads a new controller. This allows for continuous walking of the robot and
more efficient experiments. On the other hand, if the robot finished the trial, but was walking
badly (eg. very small steps or low speed) then the optimization will signal the experimenter
to pick up the robot and start the next trial from the default launch configuration. Figure 7
shows the finite-state-machine that was running during the online optimization experiments.

7.5. Online Optimization: Experimental Results

For online optimization, each evaluation of the objective function consists of the robot
walking a 12 steps, logging data, and then comparing its walking speed to a target value on
each step. The goal of the optimization is to achieve steady-state walking while successfully
rejecting real-world disturbances, such as small irregularities in the floor.

The optimization is performed on the robot, in real time, using particle swarm opti-
mization (PSO), described in Section §7.2. We use a warm-start version of the algorithm,
where the first controller to be tested is the controller that we obtained using the offline
optimization.

We used a set of 15 particles and ran for 30 generations before terminating the optimiza-
tion. This amounted to roughly 1 hour of walking with the robot and 450 objective function
evaluations. Each objective function evaluation consisted of the robot walking 5 transient
steps (not recorded) followed by 12 recorded walking steps at steady-state. We did a small
pilot study to look at how many steps should be included in the transient period and in the
main walking trial. We found that all reasonable walking controllers for Ranger were able to
reach steady-state walking within 5 steps. We selected 12 steps in the trial as a compromise:
fewer steps resulted in data that was too noisy and more steps reduced the total number of
trials that we could complete.

We checked that the number of steps in our experiment was correct by doing a pilot
study where we ran every objective function twice to check the repeatably of the trials. The
results of this test are given in Figure 8 and show that the difference between most repeated
trials was significantly smaller than the objective function.
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Figure 8: Online Optimization Repeatably Study. This figure shows the distribution of the differences
between repeated trials during an online optimization. Also marked are the best and average objective
function values to provide a scale for the changes. We see that the change between repeated calls to the
objective function is smaller than the mean and best values of the objective function, indicating that noise
is not dominating the objective function values.

The majority of the controllers that were tested by the online optimization were able to
walk, although we observed some variety in the walking gaits. Visually, it was very obvious
when the robot switched controllers – the gait patterns, walking speeds, and foot impacts
were different from trial to trial. As the optimization progressed the switches between the
controllers became less obvious as the controllers began to converge, and the walking gener-
ally improved. The subplots in Figure 9 show the evolution of the 5 optimized parameters
over the course of the online optimization as they begin to converge.

Although most controllers were able to complete the walking trials, there were a few
controllers that failed. The most common failure resulted from the robot twisting about its
vertical axis, something that our 2D simulator cannot model. This behavior would start
after heel-strike, with Ranger beginning to oscillate torsionally. This oscillation was caused
by the slight variations in the floor: when the middle pair of feet hit the ground, sometimes
only one of the feet would be in contact, allowing forces acting on the robot to twist the
inner legs (back-driving the steering mechanism).
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Figure 9: Parameter Evolution for online optimization Each panel shows one of the five optimized
parameters. The solid horizontal lines show the guess we seeded the first particle with. The dotted line
shows the best-ever parameter values.

8. DISCUSSION

We have presented a semi-automatic approach to controller design. While developing
it, we learned various aspects of the necessarily manual parts of controller design, detailed
below.

8.1. High-Level Concepts

Although we present a method here for ‘automatic controller design’ there are still a large
number of steps that are chosen manually. We think the more mature field of computer
programming is analogous in this respect. ‘Automatic programming’ was first imagined in
the 1940’s as a way to automate the process of punching paper tape. Later, FORTRAN
came along as a way to automate the process of writing machine code. “In short, automatic
programming always has been a euphemism for programming with a higher-level language
than was then available to the programmer,” as aptly stated by David Parnas, a software
engineering pioneer [48]. We think about automatic controller design in a similar way: the
goal can only be shifting the human involvement to a more abstract level, and we should
acknowledge and discuss the ‘art’ of that remaining human involvement rather than sweeping
it under the rug.

Much of this ‘art’ lies in the structure of the controller (rather than just the parameters).
Simple linear controllers do not work for generating gaits for walking robots, so robot design-
ers have come up with a variety of control approaches (see Section §2). In each case, these
methods reduce the control problem to a manageable size by creating a specific controller
architecture. In this paper, we constructed a specialized controller architecture and used
optimization to set the key parameters in the controller.

22



Although this paper is largely focused on the computer optimization aspect of this project,
the truly difficult part is designing what comes before the computer optimization: modeling
the robot, understanding where that model fails, choosing a ‘good’ control architecture, and
selecting a reasonable choice of objective function. The state of the art seems to be humans
spending long hours either hand-tuning a controller or refining an automatic process to
do it for them. Both are highly iterative. In this section we seek to explore these ‘meta’
optimization problems, and show how they relate to robot control.

8.2. Modeling and Simulation

Simulation is an important tool for designing controllers for walking robots. In particular,
it allows the control designer to understand how a controller might behave on the real robot,
without needing to perform a real-world experiment. In this paper, we use simulation to
compute a reasonable set of controller parameters, which can be transferred directly to the
physical robot to produce a walking gait.

It is simple enough to make an arbitrary simulator, but quite difficult to make a simulator
that captures the aspects which are important for controlling the real robot. It is helpful
to be aware of the sources of discrepancies between the real robot and a simulation of the
robot. Typically, these come from one of the following types of ‘unknowns’:

• Stochastic Unknowns are things like sensor noise and other small random perturbations,
which are well-characterized in a probabilistic sense.

• Known Unknowns are features of the robot intentionally left out of the model either to
keep the simulation manageable or because we think those features are insignificant. A
common example is that engineers typically model robots links as rigid bodies, despite
knowing that they can (and do) flex and vibrate.

• Unknown Unknowns are features of the robot that the designer is unaware of, but that
have a significant effect on the behavior.

Each of these unknowns must be addressed by the robot designer. Stochastic Unknowns
are difficult to deal with in optimization, because it is expensive to compute enough Monte-
Carlo simulations to get an accurate representation of the noise mode. One solution to
stochastic unknowns is to have a good estimator running on the robot, which minimizes the
effect of sensor noise and other small perturbations. Another is to approximate the noise
using simple models, for which some analytic analysis can be performed.

The general strategy for dealing with Known Unknowns is to identify which features
have an effect, and design some simple way of representing that effect in the simulation.
For example, Ranger has a complicated transmission that connects the ankle motors to the
ankle joints. The transmission generally behaves like a rigid link, but under impulsive loading
conditions it has non-zero compliance and damping that are difficult to model and simulate.
In our simulation we simply prevented the controller from sending impulsive loading requests
to the motor, thus avoiding the situations where out model was inaccurate.

The best way to deal with Unknown Unknowns is to identify them using careful exper-
iments, and then they become known unknowns, as was the case in Ranger’s ankle joint
transmission.

23



A good controller and design method should be able to deal with all three types of
unknowns automatically. Our general method was to construct a representative set of dis-
turbances that captures the nature of the known and stochastic unknowns, and hope that it
is reasonable at representing the unknown unknowns, revising when necessary. For controller
design on Ranger, we used walking on sloped ground and various pushes as our representative
set of disturbances.

8.3. Controller Design and Simulation

Since optimization on a simulator is much faster and much less damaging to the robot,
we want to maximize the portion of the controller design which takes place on the simulator.
If we had a perfect simulator, we wouldn’t need to do any refinement on the physical robot,
but this is not achievable, especially with robots that are dynamic and involve intermittent
contact. One candidate solution is to start with the best simulator and then design a con-
troller. Whenever we notice a feature that does not match reality, we update the simulation.
For example, if the optimization tries to make the robot walk on its heels (which would
damage the real robot), we update the simulation to fail any steps that do not contact the
ground on the sole.

Similarly, it is very important to understand the robot’s failure modes. In order to make
the real robot robust to disturbances, it is necessary that the simulator captures the common
failure modes. On Ranger, some of the most common failures are:

1. The robot doesn’t have enough energy at pass through mid-stance, falling backward
instead of completing the step.

2. The robot scuffs its feet and takes quick shuffling steps until it trips forwards.

3. The robot’s feet hit an uneven surface exciting a twisting motion about the vertical
axis that often amplifies after subsequent steps leading to a fall.

Failures 1) and 2) are mostly captured by the simulator. Failure 3) is completely not modeled.
The twisting happens when a pair of feet hit at different times (e.g. due to an uneven surface).
Ranger’s legs begin to flex, and the whole robot acts like a torsional spring. Our simulator
is planar (2D) and treats all links as rigid bodies. Thus, our simulator cannot predict this
failure caused by out-of-plane twisting.

Given free reign, our optimization will choose giant push-off parameters and step lengths.
In 2D, this makes sense: the robot will be most robust if we put a lot of energy into the
beginning of the step and dissipate it in the heel-strike collision at the end. We observe,
however, that large push-off and collisions cause the twisting instability. Since this is a com-
pletely un-modeled effect, we choose to artificially limit push-off to compensate for dynamics
that our model fails to capture.

8.4. Controller Architecture

Given infinite resources, we would like to compute an optimal control policy: a mapping
of every state to an ideal action. This policy is infinite-dimensional and too computationally
difficult to find. Instead, we assume a specific control architecture and optimize over a small
set of parameters.

The process of selecting a controller architecture and then computing an optimal param-
eter set is a bit like fitting an analytic function to some arbitrary curve. A linear fit would be
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simple, but likely have large errors, while a high-order polynomial might be more accurate
but difficult to compute. The only difference here is that we are not fitting some known data,
but instead trying to optimize the coefficients of the fitting curve to achieve some behavior
in the controller. The quality of our controller is restricted by our choice of fitting function
and the coefficients. This is where human intuition comes in: we select a (hopefully) good
control architecture so that the optimization can select the best set of parameters for that
controller.

A weakness of our control design process is that it still relies on human intuition to select
the control architecture. For example, the architecture presented here is significantly more
robust[2] than previous version[1]. They key difference between these controllers were two
small changes in the control architecture. In both cases, optimization was used to compute
the best choice of control parameters (≈ 15 numbers), but not the sequencing of events (e.g.
push-off, glide, etc.), transition triggers, structure of the low-level controllers, and numerous
other details.

We arrived at final control architecture through intuition and systematic experimentation.
In the process, we had many intermediate architectures: some couldn’t walk (no control
parameters could stabilize it), some limped along (had a pathological behavior not affected
by the control parameters), and others were very sensitive to parameters (good walking, but
very difficult to find the combination of control parameters that worked). In our final control
architecture, we found that the robot could walk with a wide range of control parameters.
Also, by changing these parameters, we could change the way the robot walked (speed,
cadence, foot impacts, etc.). In our experience, a good rule of thumb for tuning a control
architecture is to pick an architecture which maximizes the space of parameters that can avoid
falling, while also maximizing the variety of behaviors caused by changing the parameters.
Even so, we do not think our control architecture can represent the best walking Ranger is
capable of. In future work on Ranger, we think that iterating on the control architecture
would have a much greater impact on robustness than improving our optimization process.

8.5. Offline Optimization

We use offline optimization of the simulated robot to compute an initial set of controller
parameters for Ranger. Although optimization in simulation is much faster than optimization
on the real hardware, there are two major sources of difficulties in this process. The first is
that a human designer must create a precise objective function that describes some intuition
about what ‘good walking’ means. The second source of problems is that the simulated model
of the robot does not behave exactly like the real robot. A general feature of optimization
is that it tends to exploit these gaps between the simulated world and the real world.

Our rough solution to this problem is a human-in-the-loop iteration between the opti-
mization, testing in simulation, and testing in reality. The basic idea is that we run an
optimization and then test the resulting controller in simulation. If we see some ridiculous
behavior (e.g. the robot going up-hill hopping on one foot) than we modify our problem
statement (e.g. apply appropriate joint torque limits) to correct the behavior. Once the
result looks good in simulation, we move it to the real robot and then see how it looks. If
we identify problems, then we look at how we can change the model or objective function to
be more realistic.
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For example, one early objective function only tested disturbances for simulations start-
ing from steady-state walking. The resulting controller performed well in simulation, but
immediately fell down on the real robot. The optimization had only learned about steady-
state walking, and had no ability to cope with disturbances while getting up to speed. We
fixed this by making all trials start walking from the static launch configuration.

Another example was a controller that performed well in simulation but would always
stumble and fall on the real robot. It turned out that the ground contact model in the
simulator was too perfect: the robot learned to walk by skimming the foot over the ground,
resulting in frequent trips on the real robot. We fixed this by adding simulations over non-flat
ground, in this case up-hill and down-hill slopes. This immediately ruled out foot-skimming
behavior and the controllers transferred more reliably to the real robot.

The resulting controller is really a collaboration between human intuition and computer
optimization. Rather than direct hand-tuning, we rely on experimental iteration to arrive
at an objective function and model that is the best match for our robot and our goals. The
resulting controller designed by this optimization is able to be transferred directly to the
robot with no additional tuning, and the robot walks.

8.6. Online Optimization

The online optimization (on the real robot) was intended to make small improvements
to the controller from the offline optimization, rather than find a new solution entirely. As
such, we selected optimization parameters for the Particle Swarm Optimization (PSO) so
that it behaved more like a hill-climbing algorithm, rather than a global-search algorithm.
The general idea here was that the simulation should be a fairly accurate representation of
the real robot, so the online optimization should just be compensating for relatively small
modeling errors. In all cases, the optimization found controllers better than the starting
controller, although the improvements were not drastic.

One interesting challenge in the online optimization was finding a suitable number of
walking steps in each trial: too few steps and noise begins to dominate the objective function,
too many steps and the objective function takes too long to evaluate, reducing the total
number of objective function evaluations.

In our experiment the noise in the objective function can be particularly problematic if
it causes a controller to get an artificially good score (i.e. a ‘lucky’ trial), since PSO works
by skewing the optimization search towards the best controllers it has found so far. This
happened in one of out pilot studies, which had an outlier near the start which drew the
optimization towards a controller that was actually not good but had been scored well due to
noise. Overall, the optimization still improved, but at a reduced rate. In future experiments
we increased the number of steps in each objective function to reduce the impact of noise.

Our cost function (the mean-squared error of step speed from a target value) was likely
too simplistic. For example, during the walking trials, we saw some controllers that walked
smoothly and confidently, with no sign of falling down. In post-processing we discovered
that these controllers were not scored as highly as some more impulsive controllers, which
did not walk as well in a qualitative sense: the robot rattled, jerked, and looked less reliable.
This indicates that our mathematical objective function was not a perfect match for the
objective function that we had in our heads. The best explanation was that the “smooth”
walking controllers had an asymmetric gait (fast step, slow step, fast step,...) , which was
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overly-penalized by the objective function, while the more highly-scored impulsive controllers
had better speed regulation, but were less reliable on repeated trials.

9. FUTURE WORK

In this paper, we detail our controller design process for Ranger, using automatic meth-
ods (optimization) where possible. We can take control parameters directly from offline
optimization and make the robot walk. We can do an online optimization to make small
improvements to these parameters. Below, we outline some of the future improvements we
would like to make to the control architecture and both the online and offline optimizations.

9.1. Controller Architecture

• The current control architecture uses a single (global) finite state machine, which
synchronizes the motions of the swing ankle, stance ankle, and hip joints. It seems
that a architecture with concurrent finite state machines, like that used in the Marathon
Controller [14], would allow for more graceful heel-strike collisions.

• The balance controller only updates the trajectories of the robot once per step. In the
future we would like to make these updates continuous, allowing the robot to more
quickly react to external disturbances such as a sudden push.

• The look-up table for the balance controller only uses a single input: the mid-stance
speed of the robot. Ideally, the controller would use at least the state of the stance
and swing legs, rather than this simple one-dimensional projection.

9.2. Offline optimization:

• Ranger was initially built to be a low-energy walker. In this paper we focus on walking
robustness. We could likely make energy part of the cost function without sacrificing
too much in the way of robustness.

• We would like to design the controller to have a wide range of target walking speeds. We
could optimize for several different speeds using our current methods and interpolate
parameters to achieve intermediate target speeds.

• Human intuition (e.g. “that robot looks like it’s going to fall down”) is still a huge
part of the designing the objective function. We could embrace this and have human
intuition automatically be a part of the process. For example, the optimization could
show us several possible local optima it is exploring and let us eliminate ones that are
problematic.

9.3. Online optimization

• Particle swarm optimization is sensitive to good-scoring outliers. In the future we’d
like to protect against this by doing validation trials for new best controllers. Another
possibility would be to use a different optimization method that is not so sensitive to
these kind of outliers.
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• We would like to experiment with different kinds of cost functions. The simple step-
speed objective fails for our purposes when a shaky controller happens to walk at near
the target speed. One possibility would be to use acceleration data and try to penalize
twisting and large banging/ringing in the system.

• Many features of ‘good walking’ are hard to measure automatically. It would be inter-
esting to experiment with human-in-the loop optimization, where a human can provide
some component of the score for the objective function.
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Appendix A. ADDITIONAL EXPERIMENTS

Appendix A.1. Open-Source Data Set

We ran an additional online optimization study, purely for the purpose of generating
a large set of walking data for other researchers to study. We logged the raw data from
most of the critical sensors on the robot: all six channels of the IMU; all motor angles,
rates, and currents; joint angles and rates; and the contact sensors on all four feet of the
robot. This data set has been processed to be easily usable by others, and is available at:
http://ruina.tam.cornell.edu/research/topics/
. . . locomotion_and_robotics/ranger/WalkingData/index.html

Appendix A.2. Robustness Testing

The goal of this research is to automatically develop controllers that are good at rejecting
disturbances. In the previous sections, we explained our process of synthesizing controllers.
In this section, we compare the performance of several different controllers under distur-
bances. In each case, we apply a modeling error to the robot (e.g. add an un-modeled mass
to a leg near the hip), and then have it walk over some ground profile that introduces small
perturbations.

In our experiment we used a large number of short trials and applied disturbances to
each controller (in addition to the small variations in the floor). We compared the marathon
controller [14] to the controller presented in this paper, both before and after online optimiza-
tion. We introduced disturbances by strapping a light wooden frame on top of Ranger and
attached steel clamps at various distances from the center of mass of the robot, as shown in
Figure A.10. This let us add adjustable disturbances to the robot’s mass, rotational inertia,
and external gravity torque.

The purpose of this second robustness test was to compare the final new controllers from
this paper to the old hand-tuned controller. The test consisted of a set of baseline trials
(no disturbances) followed by five different disturbances, summarized in Table A.2. These
disturbances were created by adding mass to Ranger’s outer legs (above the hip joint).
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Figure A.10: Robustness Test Disturbances. For robustness test two, we added a small wooden frame
to Ranger. We attached a pair of clamps to this frame, allowing us to apply a variety of disturbances to the
robot. They are shown here in a position 6 cm forward of the center of the robot, creating a net external
torque due to gravity while walking.

Name Added Mass (kg) Added Inertia (kg-m2) Added Torque (N m)

Baseline 0 0 0
Frame Only 4.5 · 10−4 3.9 · 10−5 0
Mass Center 6.6 · 10−1 2.2 · 10−2 0

Mass Wide 6.6 · 10−1 4.8 · 10−2 0
Mass Front 6.6 · 10−1 2.4 · 10−2 −0.39
Mass Back 6.6 · 10−1 2.4 · 10−2 +0.39

Table A.2: Disturbance Parameters. For the robustness test we perturbed the robot by adding masses
at various points. The size and location of the mass determined the change in inertia of the robot and the
effective torque caused by gravity acting on that mass. In all cases the masses were attached to the outer
pair of legs as shown in Figure A.10.

For each controller and disturbance, we had the robot walk twenty trials, each eight
meters in length. For each trial we assigned the robot a score between 0 and 1, where 0
corresponded to the robot falling down and 1 corresponded to perfect walking. This gave us
a subjective score for each set of trials (the average of the scores), as well as an objective score
(number of falls), both of which are reported in Figure A.11. We found that all controllers
walk reasonably well in the baseline trial, as well as the trial with only the frame attached
to the robot. The controllers also seem to have more trouble when the masses are placed
such that they create a net gravity torque on the robot.

In the four trials with significant disturbances, we found that the original hand-tuned
controller was the best for two trials (mass wide and mass front), while the controller after
the offline simulation was the best at the remaining two trials (mass center and mass back).
This suggests that each controller is susceptible to a particular type of disturbance.

On interesting result is that the offline-optimized controller outperformed the online-
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Figure A.11: Robust Test Results. Here we compare the previous ‘marathon’ controller [41], with our new
controller, first after offline optimization and then after online optimization. We compared these controllers
on baseline walking as well as five disturbances, described in Table A.2. Each controller walked twenty trials,
each eight meters long. Each trial was given a score on the range 0-1, where 0 = robot fell down, 0.3-0.6 =
robot had trouble walking, and 0.8-1.0 = robot walked well. The left chart ‘mean score’ shows the average
across this subjective score for all twenty trials with error bars for the 95% confidence interval. The right
chart ‘trial completion rate’ gives the fraction of trials during which the robot did not fall down (out of the
total of twenty trials).

optimized controller in some of the categories. This is perhaps because the offline optimiza-
tion emphasized disturbance rejection, while the online experiments only dealt with steady
state walking for a single type of disturbance (ground roughness).

One factor not captured by these trials is robustness while the robot is launched by an
operator. For the marathon controller, the operator has to release the robot from a specific
angle, with a small push, and the swing leg held in front. For the controller in this paper, the
robot can successfully begin walking from many configurations. Without building a machine
to repeatably launch the robot from many states, it is hard to quantify this difference,
although it can make the new controller less likely to fall in situations with many launches.

Appendix B. RANGER MODEL DETAILS

Appendix B.1. Motor Model

For our simulation we use the motor model developed by Bhounsule [14] to compute the
torque (T ) produced by the motors (B.1) as well as the electrical power (P ) consumed (B.2).

T = KmI − C1ω −
(
C0 + µKm|I|

)
· sgn(ω) (B.1)

P =
(
IR + sgn(ω)Vc +Kmω

)
· I (B.2)

The notation here is taken from [14]. In summary: Km is the effective motor constant
(including the gearbox), C0, C1, and µ are loss parameters, I is the electrical current, Vc is
the voltage drop across the brushes in the motor, R is the winding resistance, and ω is the
output shaft speed after the gearbox.
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Appendix B.2. Sensing & Estimation

While Ranger walks, we continuously compute an estimate of the state of the robot:
absolute angle and rate for both legs and feet, as well as which feet are in contact with the
ground.

Ranger has a good inertial measurement unit (IMU), which contains a rate gyro and
an accelerometer. The IMU contains its own computer that uses low-level sensor fusion to
compute an accurate estimate for the absolute angle and rate for the outer leg pair. The hip
joint and ankle joints contain absolute encoders, as well as low-level algorithms for estimating
angular rate. We run the rate sensor data through Butterworth filters before using it, along
with the IMU angle, to compute the absolute orientation of the feet and legs.

Part of the walking controller requires an estimate of the horizontal distance between the
ankle joints of the robot, which is computed using the absolute angle estimates for the legs
and the basic model geometry.

Finally, we need to be able to determine if the robot’s feet are in contact with the ground.
Each foot is made of a vaguely “C”-shaped piece of metal, with a gap in the heel [14]. When
the robot puts weight on the foot, this gap shrinks, and that change is detected using an
optical sensor. There is one optical sensor on each foot.

To determine whether a pair of feet is in contact with the ground (supporting the weight
of the robot), we use a Butterworth filter to clean up the raw data from the optical strain
sensors in the feet, then add the result together to compute a rough estimate of the force
acting between the heel and the ankle joint. This signal is then thresholded to determine
if the foot is in contact with the ground. The threshold is set using simple experiments,
rocking the robot back and forth between the pairs of feet, while holding the feet at a range
of possible contact angles.

Appendix C. DERIVATION OF EQUATIONS OF MOTION

The equations of motion for each contact configuration were derived using the MATLAB
symbolic toolbox. The full simulation then combines these equations using a contact solver.
The simulator, along with derivation of the equations of motion, is available at:
https://github.com/MatthewPeterKelly/RangerSimulation

Appendix C.1. Newton-Euler Equations

The dynamics equations for Ranger start with the floating-base model. We model Ranger
using four rigid bodies, connected by three joints, as shown in Figure C.12. There is a torque
motor at each joint, and a known disturbance force can be applied to the hip joint. The
mass of the feet is included in the leg mass m. The legs have a rotational inertia of IL about
their center of mass, and the feet have a rotational inertia of IF about the ankle joints. We
will assume that the contact solver provides the location of the contact point PC on each
foot, in the frame of the foot.

This model has six degrees of freedom: two for the position of the hip joint PH = xî+yĵ,
and then one for the absolute orientation of each of the four rigid bodies: outer leg angle θO,
inner leg angle θI , outer foot angle φO, and the inner foot angle φI . We use the Newton–
Euler equations to construct a system of six equations. The position vectors are written
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Figure C.12: Free Body Diagram for Ranger. The dynamics are derived using a floating base model of
Ranger. There are external forces due to gravity, the contacts with the ground, and also a disturbance force
applied at the hip.

using P and all point from the origin to the points shown in Figure C.12. The velocity and
acceleration of these points, in the inertial frame, are written Ṗ and P̈ respectively.

First, we compute the linear momentum balance for the entire system. This gives us two
equations, obtained by dotting the result with the î and ĵ unit vectors.

FG + FG + FD + FC,O + FC,I = mP̈G,O + mP̈G,I (C.1)

Next, we use angular momentum balance of the outer leg and foot about the hip joint, where
uH is the hip motor torque acting on the inner legs. The final scalar equation is obtained
by dotting the following equation with the k̂ unit vector, which we will do for all following
equations as well.(

PG,O − PH

)
× FG +

(
PC,O − PH

)
× FC,O +

(
− uH k̂

)
=

(
PG,O − PH

)
×
(
mP̈G,O

)
+
(
ILθ̈Ok̂

)
+
(
IF φ̈Ok̂

) (C.2)

Then angular momentum balance for the outer foot about the outer ankle joint, where uO
is the torque acting on the leg from the outer foot.(

PC,O − PA,O

)
× FC,O +

(
− uOk̂

)
=

(
IF φ̈Ok̂

)
(C.3)

Next, we use angular momentum balance of the inner leg and foot about the hip joint.(
PG,I − PH

)
× FG +

(
PC,I − PH

)
× FC,I +

(
uH k̂

)
=

(
PG,I − PH

)
×
(
mP̈G,I

)
+
(
ILθ̈I k̂

)
+
(
IF φ̈I k̂

) (C.4)

Then angular momentum balance for the inner foot about the inner ankle joint, where uI is
the torque acting on the leg from the inner foot.(

PC,I − PA,I

)
× FC,I +

(
− uI k̂

)
=

(
IF φ̈I k̂

)
(C.5)
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Now that we have the dynamics equations for Ranger (C.1-C.5), we are almost ready to
solve them. We have six equations but ten unknowns: six accelerations (ẍ, ÿ, θ̈O, θ̈I , φ̈O, φ̈I)
and four contact forces. We will use a contact solver to prescribe four of these unknowns,
allowing us to solve for the remaining six using the dynamics.

The contact solver (see § Appendix D.1) will determine which of Ranger’s feet are on the
ground before calling the dynamics function. If the outer feet are on the ground, then the
contact solver will prescribe the desired acceleration for the contact point: P̈C,O is given by
the contact solver, which allows the dynamics to compute the contact forces FC,O. If the
outer feet are in the air, then the contact forces are zero. A similar process can be applied
to compute the contact forces or accelerations for the inner feet as well.

Appendix D. SIMULATION

This simulator for Ranger is a time-stepping simulation. This means that the simulation
works by marching forward using small constant-size time steps. On each time step, a contact
solver runs to determine what constraints need to be applied to satisfy the hybrid dynamics
of the system. Then a constraint solves runs to compute the contact forces (or in this case,
accelerations) that are required to satisfy these constraints. Finally, the state is propagated
using the a symplectic Euler step. The source code for this simulator is available at:
https://github.com/MatthewPeterKelly/RangerSimulation

In the rest of this section, we will carefully go through a single time step in the simulation,
showing what happens in the simulator.

Appendix D.1. Contact Solver

We assume that there are four possible contact configurations.

• double stance: both feet are in contact with the ground

• flight: both feet are not contact with the ground

• outer stance: only the outer feet are on the ground

• inner stance: only the inner feet are on the ground

The first step in the contact solver is computing the point on each foot that is closest
to the ground. The feet are modeled using quintic splines, and the ground is an arbitrary
analytic function. We use a non-linear (smooth) optimization to compute the exact point
on the foot that is closest to the ground, as measured by vertical projection. This point is
then passed to the dynamics function.

We choose to use a complementarity constraint for the ground contact model: the contact
point can either be on the ground or in the air. If the contact point is in the air, then the
contact forces are zero. Otherwise, the contact forces can be non-zero, and are computed by
the dynamics function.

If the contact is active, then we assume that the foot is rolling. Let’s define x, v, and a
to be the relative position, velocity, and acceleration of the instantaneous contact point on
the foot, with respect to the instantaneous contact point on the ground. We can choose the
contact force on the foot to achieve a desired acceleration a to drive the contact position
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and velocity to zero (x → 0 and v → 0) at the end of the time step while the contact is
active.

Let’s assume that the contact is active throughout the time step, and that we are inte-
grating using the symplectic Euler method. We can then look at the the relative position
and velocity as a discrete-time linear system, where h is the time step.

vk+1 = vk + hak (D.1)

xk+1 = xk + hvk+1 = xk + hvk + h2ak (D.2)

We cannot drive both x→ 0 and v → 0 in a single time step (this follows from basic linear
system theory). Instead, we will choose a linear control law to compute a such that the
both the position and velocity error asymptotically approach zero. This control law has two
parameters: ωn and ξ, which control the characteristic frequency and damping ratio of the
resulting behavior, respectively. We’ve found that ωn = 0.6/(2h) and ξ = 2.0 work well for
this simulation.

ak = −ω2
nxk − 2ωnξvk (D.3)

This contact solver is a bit different from those used in commercial simulators, such as
Box2d [49] or Bullet[50]. Those simulators require that the collision shapes be composed of
primitives (circles and polygons), where as our collision shapes are smooth analytic functions.
Analytic collision shapes allow for a better approximation of smooth rolling contact in our
simulator, at substantial computational cost. One thing to note is that our simulator requires
that the collision shapes are locally convex: in other words, there must be precisely one point
where the foot and the ground can meet at any instant.

Appendix D.2. Constraint Solver

At this point in the process we know the contact point on each foot, which may or may
not be in contact with the ground. We also have a way to compute a desired acceleration
for that point, should the foot be in contact. Now we just need to find out which feet are
actually in contact. We start by assuming that the contact configuration at the start of
the step is correct. If we determine that it is not valid, then we try a new contact mode.
Typically (in commercial physics engines) this process is done using a contact solver, but
here a simple guess and check is fine, since there are only four options and we have a good
initial guess.

How do we check if the constraint is correct? If the contact is active, then we pass
the desired acceleration of the contact point (D.3) to the dynamics engine, which in turns
computes the next state, and the contact forces that were required to achieve the desired
acceleration of the contact point. Suppose that n̂ is the normal vector for the ground at the
contact point, and f is the contact force vector. Then the contact is valid if n̂ · f > 0. If
the contact is inactive, then we simple require that the contact point at the end of the time
step must not be in penetration with the ground to remain in the inactive contact mode.

Thus far, we actually have an incomplete set of contact modes. It turns out that there
are rare situations when our “no-slip” rolling assumption has no physical solution [51]: the
only solution with positive contact forces requires sliding. Here we choose to allow negative
contact forces, rather than sliding. In practice this situation rarely (never) comes up, but
the computer will throw a warning if it does occur.
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Figure D.13: Foot Contact Model Ranger’s foot is modeled using a six-part quintic spline in polar
coordinates about the ankle joint. The contact point on the foot is the point that is closest to the ground,
as measured by a vertical projection. This contact point is computed using robust non-linear optimization
to find θ∗.

Appendix D.3. Foot Model

One unique feature of the Cornell Ranger robot is that it has small curved feet. The robot
walks by rolling these feet along the ground and then rapidly flipping them up and out of
the way during swing. Thus, our simulator needed to capture a foot shape that reproduced
both rolling and clearance during swing. We chose to model the foot using a periodic quintic
spline in polar coordinates about the ankle, which was computed using a least-squares fit to
the measured shape of the foot, and is shown in Figure D.13.
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